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Drivers of Profit Inefficiency in Iowa Crop Production
Wendiam Sawadgo and Alejandro Plastina
July 1, 2020
Abstract
In this paper, we use data envelopment analysis and a panel of Iowa farms to evalu-
ate profit inefficiency in corn and soybean production. We find that farms have, on
average, profit inefficiency scores of 89.4% in combined corn and soybean production,
suggesting that profit could be increased by 89.4% if farms eliminated technical and
allocative inefficiencies. Overall, profit efficiency improved from 2011 to 2018, a period
generally characterized by decreasing farm net worth. Moreover, while factors such
as farm size and operator age affect technical inefficiency, these variables do not have
a significant effect on profit inefficiency, while farms’ net worth per acre and crop in-
surance indemnity payments positively affect profit inefficiency. Land tenure does not
have a significant effect on technical or profit inefficiency.
JEL CODES: Q12, D22, D24
Keywords: profit efficiency, technical efficiency, allocative efficiency, land tenure, corn, soy-
beans
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The agricultural sector has experienced financial distress over the past decade. Fol-
lowing a period of agricultural prosperity, net farm incomes have been down from 2013-2018.
With an increased number of farms financially vulnerable, it is important to understand the
extent to which inefficiencies in crop production contribute to keeping farm profits below
their optimum and to identify factors that affect these profit inefficiencies.
Prior research has largely studied agricultural productivity, such as examining the evo-
lution of relative productivity between top- and bottom-performing farms in Kansas (Yeager
and Langemeier, 2011) and how productivity differs by farm size (Mugera and Langemeier,
2011). Several studies have looked at both productivity and profitability in the agricultural
sector. Mugera, Langemeier, and Ojede (2016), who find that productivity increases due to
technical change were the main driver of profitability among a sample of farms in Kansas.
O’Donnell (2012) finds that technical progress was the main driver of total factor produc-
tivity increases in the US. Ang and Oude Lansink (2018) decompose profit inefficiency and
find that allocative inefficiency is a greater contributor to profit inefficiency than is technical
inefficiency in an analysis of dairy farms in Belgium. However, few studies look to examine
drivers of both technical efficiency and profit efficiency, in addition to farm size.
This study makes several contributions to the literature. First, we analyze the link
between productive and profit efficiency in corn-soybean systems, two of the three highest-
value commodities in US agriculture in terms of cash receipts. We use data from Iowa, the
leading state in corn production and second-leading state in soybean production. Second,
we analyze joint production of corn and soybeans in addition to treating them as separate
enterprises. Third, we evaluate how various factors, including land tenure (which to our
knowledge has not been a point of focus in prior studies), affect economic efficiency vis-a-vis
productive efficiency.
In this study, we analyze the main drivers of inefficiency in corn and soybean pro-
duction in Iowa, particularly focusing on profit inefficiency. We estimate a model of corn
production, a model of soybean production, and a model of combined corn and soybean
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production. First, we use data envelopment analysis and farm-level data from 2011 to 2018
to calculate input-oriented technical, allocative, and profit inefficiency scores for more than
3,000 farm-year observations. Second, we use regression analysis to study the effects of farm
size, land tenure, corn-soy mix, and other farm characteristics on productive and economic
efficiency.
We find that farms have profit inefficiency scores of 89.4% in combined corn and
soybean production, on average. This implies that that profit could be increased by 89.4% if
farms eliminated technical and allocative inefficiencies. Allocative inefficiency is the greater
contributor to profit inefficiency. There was a decrease in profit inefficiency from 2011 to
2018, a time period that experienced declining net farm incomes and net worth. We find
that several factors, such as farm size and operator age affect technical inefficiency, but these
variables do not have a significant effect on profit inefficiency. Farms’ net worth per acre
and crop insurance indemnity payments positively affect profit inefficiency. Land tenure is
not found to be a significant contributor to technical or profit inefficiency.
Methodology
To evaluate the drivers of profit inefficiency in crop production, we follow a three-step process
involving the calculation of technical and allocative inefficiency in the first two steps, followed
by an econometric analysis of the impact of multiple variables on the inefficiency scores.
Farm- and year-specific inefficiency scores are derived from the comparison of the
observed input-output mix for a farm against the observed input-output mixes for all other
farms in a specific year, taking input and output prices as given. In the first step, the
annual profit inefficiency level for a specific farm, ∆, is measured as the difference between
its observed profit, Πo, and the maximum profit that the farm can earn, Π∗, such that
∆ = Π∗ −Πo. The farm- and year-specific maximum profit is derived as the solution to the






















where p and w are the observed output and input prices, respectively; y and x are output
and input quantities, respectively; λj is the weight of the j-th farm on the combination
of farms that serve as the reference to the farm under analysis; m is the total number of
outputs, n is the total number of inputs, and N is the total number of farms; and a variable
in bold indicates a vector. The restriction
∑N
j=1 λj = 1, which imposes local variable returns
to scale, is required to obtain a unique matrix of profit-maximizing farm weights and input
and output quantities for each farm, (y∗,x∗,λ∗).1
In the second step, we define a new measure of inefficiency that allows us to decompose
inefficiency additively into technical and allocative inefficiency (Fare et al., 2000). Let δT











where Co is the observed outlay, ΠE is the profit level that could be achieved if the farm elim-
inated (input-oriented) technical inefficiency, and the other variables are defined as above.
Technical efficiency measures the maximum proportional contraction of inputs, a scalar θ,
1Without this restriction, multiplying the feasible solution matrix (y∗,x∗,λ∗) by a non-negative constant
k would generate a new feasible solution (ky∗, kx∗, kλ∗), but optimal profits would change to kΠ∗. By
choosing an arbitrarily large k, optimal profits can be made to increase indefinitely (Ray, 2004).
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that a farm could achieve to efficiently produce the same level of output (Farrell, 1957), and
















The technically efficient vector of inputs for the individual farm is xE = θx. Using a
prime to indicate transposition, the first of the two individual components of δT in equation







y − θw′x)− (p′y −w′x)
w′x
= (1− θ) (4)
which is our measure of technical inefficiency (Ray, 2004). The second component of equation







(y∗ − y)−w′(x∗ − θx)
w′x
. (5)
Since the input-oriented technical inefficiency measure is bounded by 0 and 1, so is
δE. However, δA can take any non-negative value, including values exceeding unity. Con-
sequently, our measure of the unrealized part of the maximum return on outlay for an
individual farm, δT = δE + δA, can also exceed unity.
In the third and final step, we estimate three regressions2 of the general form:








where the subscripts f and t denote farm and year, respectively; the superscript i = T,E,A
indexes the inefficiency score; Z is a vector of farm and farmer characteristics varying across
time for each farm (including annual dummy variables); β is a matrix of coefficients to be
estimated;α is a farm-specific effect capturing unobserved factors that do not vary through
time; and µift is a random error with zero conditional mean, i.e.E(µ
i
ft|Zf , αif ) = 0 for
all years, and finite variance. The βi matrices are estimated with the within estimator
(Croissant and Millo, 2018) using the plm package (Croissant and Millo, 2008) in R (R Core
Team, 2020).
Data
We use data assembled by the Iowa Farm Business Association. The dataset includes accrued
income statements and balance sheets for 601 farm enterprises from 2011-2018, providing
information on operated acreage, outputs, revenues, and input expenditures. Most farms
produce a combination of corn and soybeans each year, allowing us to evaluate the drivers
of profitability of each separate enterprise, and the drivers of profitability for simultaneous
production of both crops.
Output and input quantities are expressed on a per acre basis, to avoid skewing
the distribution of efficiency scores towards the smallest farms that, by definition, have the
smallest farmland areas in production. Furthermore, since land has the slowest adjustment
rate to changing market or production conditions (Yang and Shumway, 2016), treating land
as another variable input would impose a strong inertia in the radial efficiency scores through
time, underestimating the true change in the efficiency of use of the mix of variable inputs.
We use input price data from the 2011-2018 Estimated Costs of Crop Production
of a seemingly unrelated regression (SUR) model is equivalent to OLS equation by equation (Wooldridge,
2002, p. 150)
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in Iowa published by Iowa State University Extension and Outreach (Ag Decision Maker
File A1-20, various issues) to deflate expenditures and calculate input quantities for each
operation. Prices for hired labor, seed, and fertilizer are obtained directly from Ag Decision
Maker File A1-20, while price indices for machinery, fuel, herbicide, and insecticide are
calculated using annual per acre values from the same publications. The fertilizer price
index is calculated as a weighted average of nitrogen, phosphate, and potash prices, using
180 lb. nitrogen, 82 lb. phosphate, and 66 lb. potash per acre as weights. The machinery
price index is calculated as the sum of the fixed costs for pre-harvest machinery, combine,
and grain cart. The price for operator labor is obtained from the Ag Decision Maker C1-10
File.
Input quantities are calculated by dividing the total expense on each input by its
price in the given year. Labor is measured as the sum of operator and hired labor, and
we assume that operators work 173 hours per month. We include three inputs in the data
envelopment analysis: labor, machinery, and materials — an intermediate good composed
of seeds, fertilizer, herbicide, insecticide, and fuel. Land is accounted for implicitly by
expressing all quantities on a per-acre basis.
Only farms with 100 to 3,000 acres in corn and soybean production whose corn
and soybean yields exceeded 150 and 35 bushels per acre, respectively, are included in the
sample. Furthermore, given the sensitivity of DEA to outliers, we used the Benchmarking
package (Bogetoft and Otto, 2019) in R (R Core Team, 2020) to implement the Wilson
(1993) outlier detection method on input and output prices and quantities. The procedure
was implemented twice for each enterprise (corn, soybeans, combined) in each year, removing
up to 2 outliers in each iteration before the calculation of the inefficiency scores.
The explanatory variables proposed for the econometric analyses as drivers of profit
inefficiency are farm size, land tenure, farm output mix, labor composition, farm financial
liquidity and solvency at the beginning of each calendar year, farmer engagement, and crop
failures due to causes outside of the control of the farmer. To control for persistent het-
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erogeneity across farms, fixed farm effects are incorporated into the model. To control for
annual changes in prices and statewide growing conditions, we include annual dummies.
Farm size is measured in terms of total owner-operated and rented farmland in corn
and soybeans (Total acreage). Land tenure is measured as the percent of total acreage that
is rented (Percent rented). Two variables are used to capture the effect of farm output mix
on profit inefficiency: the percent of total acreage that is planted to corn (Percent corn),
and an indicator variable for farms that produce livestock (Livestock).3 Labor composition is
captured through the main operator’s age (Operator age), and an indicator variable for farms
that hire labor (Hired labor). Financial liquidity is measured through the working capital per
acre as of January 1st of each year (Working capital).4 We hypothesize that a larger working
capital 4 to 5 months before the planting date for corn and soybeans is associated with
fewer short-term financing needs and therefore more flexibility to make decisions influencing
profitability over the calendar year. Financial solvency is measured via the net worth5 per
acre as of January 1st of each year (Net worth). We hypothesize that net worth at the
beginning of the year reflects the farm’s ability to accumulate profits through time, and
it is positively associated to profitability over the calendar year. Farmer engagement is
measured as the ratio of the average crop price received by a farm to the average crop price
received by all farms during the previous calendar year. For the combined enterprise, Farmer
engagement is the crop-production weighted average of the corresponding values from the
corn and soybean enterprises. Farmer engagement varies through time and across farms, is
intended to proxy farmers’ engagement in generating profits, and we hypothesize that it is
negatively correlated to profit inefficiency. Given that we do not observe the target yields and
3The dataset used in this study only contained information for the following livestock enterprises: hog
production from farrow to finish; farrow to pig finisher; beef cattle feeding; and beef cow-calf production.
4Working capital is calculated as the difference between current assets and current liabilities. An alterna-
tive measure of liquidity that could not be used in this study due to the high share of farms with no current
liabilities is the current ratio, equal to current assets divided by current liabilities.
5Net worth is calculated as the difference between total assets and total liabilities. The Iowa Farm
Business Association uses the market value approach to valuate current assets and the cost or book value
approach to valuate intermediate and long-term assets such as tractors and farmland, respectively. This
mixed valuation approach minimizes the effects of changing machinery and farmland market prices on net
worth measures.
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profits each farmer had in mind when making production decisions and instead we observe
only realized input use and output production, a high profit inefficiency score could be the
result of an unexpected crop failure due to variables outside the control of the farmer. To
address this possibility in the econometric models, we include the ex-post total value of crop
insurance indemnity triggered during the calendar year under analysis as a control variable
(Crop insurance indemnity) .
Descriptive statistics of the data used in each of the three models in this analysis
are presented in table 1. The first two columns consider production of corn and soybeans
independently, and thus include one output. The third column focuses only on farms that
simultaneously produce corn and soybeans.6 The average farm produces 105 bushels of corn
and 26 bushels of soybeans on one acre of farmland in the combined model. Farmers in the
combined model, on average, farm 782 acres, rent 56% of their farmland, plant 55% of their
acres to corn, and are 57 years of age.
Results
Farms could have generated, on average, a 68.3% higher return on corn production outlays
by reducing technical inefficiency by 39.8% and allocative inefficiency by 28.5% (top three
numbers in first column of table 2). While average technical inefficiency in the soybean
enterprise is only slightly higher than in the corn enterprise (43.3% vs. 39.8%), the average
allocative inefficiency is much higher (41.2% vs. 28.5%), resulting in much larger unrealized
returns on outlays in soybeans than in corn production (84.5% vs. 68.3%). When only
farms that simultaneously produce corn and soybeans are analyzed, the return on total
outlays could have been 89.4% higher, on average, driven mostly by allocative inefficiency
(55.9%).
6If a sample farm produced corn on all of its acres in the first year; soybeans on all of its acres in the
second year; and corn and soybeans on 75% and 25% of its acres in the third year, then its corn data from
years 1 and 3 would be included in the first column of table 1; its soybean data from years 2 and 3 would
be included in the second column of table 1; and its corn and soybean data from year 3 would be included
in the third column of table 1.
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Table 1: Descriptive Statistics per acre anually, mean (standard deviation)
Corn model Soybean model Combined model
Outputs
Corn 194.03 (22.56) — 105.13 (21.84)
Soybeans — 55.56 (7.96) 25.67 (6.34)
Output prices
Corn 4.47 (1.33) — 4.51 (1.34)
Soybeans — 11.11 (2.07) 10.95 (2.04)
Inputs
Labor 0.02 (0.01) 0.02 (0.01) 0.02 (0.01)
Machinery 2.32 (0.94) 2.10 (0.86) 2.22 (0.85)
Materials 0.93 (0.23) 0.44 (0.14) 0.33 (0.08)
Input prices
Labor 2,287.46 (311.72) 2,255.03 (324.63) 2,282.72 (314.86)
Machinery 43.50 (3.19) 43.57 (3.13) 43.51 (3.20)
Materials 335.99 (31.10) 338.80 (31.80) 362.26 (31.33)
Characteristics
Total acreage (100 acres) 7.41 (4.03) 8.31 (5.19) 7.82 (4.78)
Percent rented 57.15 (38.45) 56.36 (38.65) 56.22 (38.87)
Percent corn 55.91 (9.53) 54.63 (7.71) 54.76 (7.57)
Operator age 56.74 (11.41) 56.94 (10.99) 56.98 (11.43)
Working capital ($1000 per acre) 0.63 (0.53) 0.66 (0.54) 0.63 (0.52)
Net worth ($1000 per acre) 2.67 (2.15) 2.70 (2.17) 2.72 (2.27)
Crop insurance indemnity ($ per acre) 19.65 (44.63) 24.26 (49.58) 19.56 (42.38)
Presence of livestock (= 1 if present) 0.31 (0.46) 0.32 (0.47) 0.31 (0.46)
Farmer Engagement (index) 1.00 (0.11) 1.00 (0.12) 1.00 (0.11)
Analyzing the evolution of inefficiency scores over time (table 3), it becomes apparent
that all inefficiency scores were higher, on average, in the first half of the sample (2011-2014)
than in the second half (2015-2018). The increase in profit efficiency coincided with a 67%
reduction in real net farm income (2019=100) for commercial Iowa farms, from an average of
$135,000 over the first half to $45,000 over the second half (Ag Decision Maker File C1-10,
various issues).
10
Table 2: Descriptive Statistics of DEA Results
Mean Median SD Minimum Maximum Observations
Corn enterprise
Technical inefficiency 0.398 0.422 0.170 0 0.765 3254
Allocative inefficiency 0.285 0.243 0.190 0 1.236 3254
Profit inefficiency 0.683 0.671 0.220 0 1.508 3254
Soybean enterprise
Technical inefficiency 0.433 0.469 0.182 0 0.795 3495
Allocative inefficiency 0.412 0.310 0.351 0 3.965 3495
Profit inefficiency 0.845 0.795 0.364 0 3.965 3495
Combined enterprise
Technical inefficiency 0.335 0.361 0.170 0 0.721 3192
Allocative inefficiency 0.559 0.487 0.343 0 2.657 3192
Profit inefficiency 0.894 0.849 0.349 0 2.799 3192
Table 3: Evolution of Inefficiency Scores
Corn Soybeans Combined
TI AI PI TI AI PI TI AI PI
2011 0.414 0.368 0.782 0.413 0.472 0.885 0.357 0.571 0.928
2012 0.393 0.398 0.790 0.436 0.631 1.067 0.330 0.773 1.103
2013 0.516 0.368 0.884 0.467 0.672 1.139 0.354 0.878 1.233
2014 0.433 0.238 0.671 0.452 0.467 0.919 0.374 0.399 0.773
2015 0.390 0.232 0.621 0.518 0.306 0.824 0.347 0.590 0.937
2016 0.347 0.238 0.585 0.374 0.237 0.611 0.309 0.346 0.655
2017 0.343 0.209 0.551 0.414 0.184 0.598 0.301 0.436 0.737
2018 0.349 0.275 0.624 0.373 0.240 0.613 0.292 0.586 0.878
Mean 0.398 0.285 0.683 0.433 0.412 0.845 0.335 0.559 0.894
Drivers of Inefficiency
The results of the linear models exploring drivers of profit inefficiency for corn are presented
in table 4. First, it is important to note that the number of observations included in the
regressions are lower than the number of inefficiency scores reported in table 2 (2,150 vs.
3,254, respectively), because the variable Farmer engagement is lagged and there are a
number of farms with discontinued data in our unbalanced panel. Second, the variable
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Percent corn is not included in the analysis because it does not show enough variability
through time and therefore is confounded with the farm-specific fixed effects.7 The annual
dummy variables suggest that technical inefficiency was higher in 2013-2014 and lower in
2016-2018 than in the reference year 2012. However, allocative inefficiency was consistently
lower in 2013-2018 than in 2012, resulting also in higher profit efficiency over 2014-2018.
The improvement in profit efficiency coincided with the overall decline in crop prices that
resulted in substantial drops in the profitability of Iowa farms. Farmer engagement has
a statistically significant negative effect on technical inefficiency measured after removing
the time-invariant farm-specific unobservable factors, but no significant effect on allocative
or profit inefficiency. Hired labor is associated with higher technical inefficiency and lower
allocative inefficiency, but the net effect on profit inefficiency is not significant. Contrary to
our expectations, working capital per acre at the beginning of the calendar year has a positive
effect on technical inefficiency, raising questions on why farmers would choose suboptimal
input mixes when credit constraints are not likely. However, the effect of working capital on
allocative and profit inefficiency is not significant. As expected, when a farm qualifies for crop
insurance indemnity payments, events outside the control of the farmer have deteriorated
the farm’s technical, allocative and profit inefficiency.
To evaluate the effect of the variables that show up in levels and squared, we use the
Delta method (Wooldridge, 2002, p. 44) to approximate the mean and standard error of the
resulting expressions at the sample mean (table 7). The variable total acres has a significant
negative effect on technical inefficiency at the sample mean and a significant positive effect on
allocative inefficiency, that cancels out its effect on profit inefficiency. Neither Operator age
nor Percent rented have statistically significant effects on our three measures of inefficiency
in corn production.
Inefficiency scores had a similar annual pattern for the soybean enterprise as for
the corn enterprise (table 5). Crop insurance indemnities and livestock production have
7The fixed effect estimator requires that the rank of the matrix of time-demeaned explanatory variables
be full (Wooldridge, 2002, p. 269).
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positive impacts on allocative and profit inefficiency in soybean production, but they do
not have a significant impact on technical inefficiency. Solvency, as measured by net farm
worth at the beginning of the calendar year, tends to have a positive effect on technical and
profit inefficiency. Additionally, technical inefficiency tends to increase with the financial
liquidity position measured by working capital. Finally, higher farmer engagement is related
to higher overall inefficiency scores. These results seem to suggest that soybean producers
pursue objectives other than the maximization of net returns to outlays via the elimination of
technical and allocative inefficiency. An early hypothesis is that farmers are more interested
in fixing nitrogen and breaking the life cycle of weeds, insects and other pests rather than
maximizing annual net returns when planting soybeans.
The effect of total acres on soybean technical inefficiency is negative at the sample
mean, but its effect on allocative inefficiency is positive and offsets its effect on profit in-
efficiency (table 7). Percent rented and operator age do not have significant effects on the
inefficiency scores in soybean production.
Finally, when considering the combined enterprise, farmer engagement and having
livestock in the production mix are not significant explanatory variables for any of the
inefficiency indicators (table 6). Hired labor and working capital have similar qualitative
effects on the combined enterprise as when measured separately for each crop: they both tend
to increase the technical inefficiency score, but reduce the allocative inefficiency score, with
no significant impact on profit efficiency. Receiving crop insurance indemnities is associated
with overall higher inefficiency scores. Although net worth does not significantly affect
technical inefficiency in the combined enterprise, higher net worth per acre is associated with
higher allocative and profit inefficiency scores. Annual dummy variables convey a consistent
story of reductions in profit and allocative inefficiency in recent years, but average technical
inefficiency in 2016-2018 was at similar levels as in 2012.
Technical inefficiency for the combined enterprise tends to decline with farm size as
measured by total acres, but allocative inefficiency tends to increase it compounding into a
13
non-significant effect on profit inefficiency (table 7). Operator Age and percent rented do not
have significant effects on any of the inefficiency scores in the combined model.
Conclusions
In this study, we analyze factors that affect profit inefficiency in Iowa corn and soybean pro-
duction production from 2011 to 2018. We run three models to look at (1) corn production,
(2) soybean production, and (3) combined corn and soybean production. We use data envel-
opment analysis to calculate profit inefficiency, which we further decompose into technical
inefficiency and allocative inefficiency, and then use an econometric model to examine how
various farm, farmer, and financial characteristics affect the three inefficiency scores.
We find that farms on average have technical inefficiency scores of 33.5%, allocative
inefficiency scores of 55.9%, and profit inefficiency scores of 89.4% in combined corn and
soybean production, and profit inefficiency is higher than in corn production (68.3%) and
soybean production (84.5%), independently. However, technical inefficiency is a larger con-
tributor to profit inefficiency in the corn and soybean models. Inefficiency decreases between
the first and second half of our sample, which coincides with declines in net farm income
and net worth. In corn production, we find that farm size increases profit efficiency, but at a
decreasing rate, while receiving a higher crop insurance indemnity payment per acre is asso-
ciated with increased profit inefficiency. In soybean production, farmer engagement, higher
net worth per acre, having livestock, and receiving a higher crop insurance indemnity pay-
ment per acre are associated with higher profit inefficiency. In combined corn and soybean
production, a higher net worth per acre and receiving a higher crop insurance indemnity
payment per acre are associated with higher profit inefficiency.
There are several studies that have looked at productivity and profitability in the
agricultural sector. Ang and Oude Lansink (2018) find that profit inefficiency in Belgian
dairy farms is mainly driven by allocative inefficiency, which is similar to our result in the












































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 7: Effects of selected variables at sample means
Total Acres Percent Rented Operator Age
Estimate Std.Error Estimate Std.Error Estimate Std.Error
Corn enterprise
TI -0.324 0.033 -0.004 0.015 0.083 0.114
AI 0.234 0.041 0.018 0.018 -0.162 0.139
PI -0.091 0.048 0.014 0.021 -0.079 0.164
Soybean enterprise
TI -0.227 0.032 -0.023 0.015 0.000 0.131
AI 0.245 0.065 -0.004 0.031 0.042 0.268
PI 0.019 0.066 -0.027 0.032 0.042 0.275
Combined enterprise
TI -0.230 0.035 -0.010 0.015 0.084 0.124
AI 0.335 0.070 0.028 0.031 -0.290 0.248
PI 0.105 0.072 0.018 0.032 -0.206 0.255
profit inefficiency increases with farm size. A couple of studies (Mugera, Langemeier, and
Ojede, 2016; O’Donnell, 2012) find high estimates of technical efficiency that are relatively
constant over time. Mugera, Langemeier, and Ojede (2016) find that larger farms tend to
be more productive and more profitable than smaller farms. In the context of consolidation
in the agricultural sector, our results suggest that while increasing farm sizes may reduce
technical inefficiency, it is inconclusive whether these gains in productive efficiency translate
to increased profit efficiency. Furthermore, technical and profit efficiency seem to be neutral
to land tenure in Iowa crop production.
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